Background: Those with autism spectrum disorder (ASD) and/or attention-deficit-hyperactivity disorder (ADHD) exhibit symptoms of hyperactivity and inattention, causing significant hardships for families and society. A potential mechanism involved in these conditions is atypical executive function (EF). Inconsistent findings highlight that EF features may be shared or distinct across ADHD and ASD. With ADHD and ASD each also being heterogeneous, we hypothesized that there may be nested subgroups across disorders with shared or unique underlying mechanisms. Methods: Participants (N = 130) included adolescents aged 7-16 with ASD (n = 64) and ADHD (n = 66). Typically developing (TD) participants (n = 28) were included for a comparative secondary sub-group analysis. Parents completed the K-SADS and youth completed an extended battery of executive and other cognitive measures. A two stage hybrid machine learning tool called functional random forest (FRF) was applied as a classification approach and then subsequently to subgroup identification. We input 43 EF variables to the classification step, a supervised random forest procedure in which the features estimated either hyperactive or inattentive ADHD symptoms per model. The FRF then produced proximity matrices and identified optimal subgroups via the infomap algorithm (a type of community detection derived from graph theory). Resting state functional connectivity MRI (rs-fMRI) was used to evaluate the neurobiological validity of the resulting subgroups. Results: Both hyperactive (Mean absolute error (MAE) = 0.72, Null model MAE = 0.8826, (t(58) = −4.9, p < .001) and inattentive (MAE = 0.7, Null model MAE = 0.85, t(58) = −4.4, p < .001) symptoms were predicted better than chance by the EF features selected. Subgroup identification was robust (Hyperactive: Q = 0.2356, p < .001; Inattentive: Q = 0.2350, p < .001). Two subgroups representing severe and mild symptomology were identified for each symptom domain. Neuroimaging data revealed that the subgroups and TD participants significantly differed within and between multiple functional brain networks, but no consistent "severity" patterns of over or under connectivity were observed between subgroups and TD. Conclusion: The FRF estimated hyperactive/inattentive symptoms and identified 2 distinct subgroups per model, revealing distinct neurocognitive profiles of Severe and Mild EF performance per model. Differences in functional connectivity between subgroups did not appear to follow a severity pattern based on symptom expression, suggesting a more complex mechanistic interaction that cannot be attributed to symptom presentation alone.
Introduction
Although they co-occur sufficiently often to be clustered in the syndrome of Attention-deficit Hyperactivity disorder (ADHD), hyperactivity-impulsivity and inattention-disorganization comprise two partially separable symptom domains with distinct validation in regard to factor structure, clinical correlates, and neurobiology (Willcutt et al., 2012) . The clinical significance of these problems in the adolescent period is substantial-they are associated with peer rejection (Nijmeijer et al., 2008) , are strong predictors of worse academic outcomes (Breslau et al., 2010; Galéra et al., 2009 ) and related issues often persist throughout life (Doshi et al., 2012; Matza et al., 2005) . However, although they are most pronounced and synchronous in individuals with ADHD (particularly the combined presentation), symptoms of inattention and hyperactivity are not confined to ADHD. Rather, they are an associated comorbid feature of many conditions (just as many conditions overlap with ADHD itself.)
ASD is a second neurodevelopmental population in which symptoms of hyperactivity and inattention are now recognized as a substantial problem in the DSM-5 (American Psychiatric Association, 2013) . Best estimates across studies utilizing clinical, in-lab, and national samples report that adolescents with ASD and comorbid ADHD (ASD+ADHD) broadly represent anywhere from~28 to 50% of all ASD cases (Matson & Burns, 2019) . However, the number of adolescents experiencing subclinical hyperactive/inattentive symptoms are likely substantially higher (Stevens et al., 2016) . Moreover, heritability of ASD and ADHD appears to overlap; for example, parents with ADHD have elevated rates of ASD offspring compared to parents without ADHD and siblings cross aggregate within ADHD and ASD (Miller et al., 2019) .
Atypical executive functions might relate to hyperactive and inattentive symptoms
A set of potentially shared mechanisms across ADHD and ASD instantiate atypical executive functioning (EF) . EF represents a collection of functions ranging in complexity, from holding two things in mind at once to complex sequential planning, but comprises abilities supporting self-monitoring and goal-oriented behavior (Welsh & Pennington, 1988) . Although the best decomposition of EF into component functions is debated, a theme of unity and diversity recognizes that they have both shared and distinct elements (Friedman & Miyake, 2017) . When statistically decomposed in factor analytic studies, common examples of EF include working memory, inhibition, task-control, and cognitive flexibility (Baddeley, 2003; Barkley, 1997; Diamond, 2013; Miyake et al., 2000) . EF has been commonly associated with hyperactive and inattentive symptoms (Silverstein et al., 2018; Willcutt, Doyle, Nigg, Faraone, & Pennington, 2005) and the severity of EF impairments has also been linked to an increased number of ADHD symptoms for adolescents with either ADHD or ASD (Semrud-Clikeman et al., 2010) . Overall, it's clear that several areas of EF functioning are correlated with symptoms of inattention and hyperactivity (Kofler, Rapport, Bolden, Sarver, & Raiker, 2010; Martel, Nigg, & von Eye, 2009; Shiels & Hawk, 2010; Willcutt, Doyle, Nigg, Faraone, & Pennington, 2005) . As well, several components of EF have been linked to hyperactive and/or inattentive symptom domains for those with ASD and/or ADHD (Sinzig et al., 2008) .
The relationship between EF and hyperactive/inattentive symptoms are discrepant
If EF tasks are measuring the same constructs in children with ADHD or ASD, and if EF impairments are tied to hyperactive/inattentive symptoms, it is reasonable to assume that measures of EF should be able to predict the level of hyperactive/inattentive symptom severity among adolescents with ASD+/-ADHD as well as those with ADHD. Some studies have demonstrated that this may theoretically work. For example, ADHD participants showed greater impairment across all EF domains than ASD without comorbid ADHD (ASD-ADHD) participants. This points to the link between both hyperactive/inattentive symptom domains of ADHD and EF deficits. Inattentive symptoms were also significantly associated with EF deficits in metacognition for those with ASD+ADHD indicating that metacognitive EF may be linked to inattention for those with ASD+ADHD (Berenguer et al., 2018) . EF tasks can also discriminate those with ADHD (i.e., a defined increase of hyperactive/inattentive symptoms) and typically developing (TD) adolescents (Holmes et al., 2010) .
Conversely, some studies have demonstrated that the link between EF and hyperactive/inattentive symptoms is not so clearly defined. A meta-analysis indicated that although EF were associated with ADHD, effect sizes were moderate and findings were not universal per effected individual (Willcutt et al., 2005) . This variability in the relationship between EF and ASD has also been demonstrated, but whether this is due to comorbid ASD+ADHD remains unclear . Overall, such discrepancies with regard to EF and inattentive/hyperactive symptoms across ASD and ADHD are largely unknown.
Some discrepancies in the literature might relate to shared and distinct mechanisms
It is increasingly recognized that EF are not a sole nor sufficient explanation for elevated hyperactive/inattentive symptoms (Nigg, 2006) but that multiple routes likely contribute to the expression of EF and hyperactive/inattentive symptoms across disorders (Chan et al., 2008; Feczko et al., 2019; Molitor et al., 2018; Volkow et al., 2011) . For example, those with ASD-ADHD have shown measureable impairments in arousal, processing speed, working memory, and response inhibition when compared to a TD group. The deficits in working memory and processing speed also persisted when compared to an ADHD sample . Thus, an interesting possibility is that some EF are specific to ASD-ADHD but other elements may be more specific to those with elevated levels of hyperactive/inattentive symptoms, i.e. ADHD and ASD+ADHD. This suggests that it may be more useful to clarify the role of EF across ASD and ADHD both transdiagnostically as well as dimensionally across hyperactivity/inattention, rather than confined to the relatively heterogeneous syndrome of ADHD itself.
Another recent study examining the relationship of EF and hyperactivity/inattention for adolescents with ADHD, ASD, and learning deficits found that while all participants had higher scores than a TD population on inattention and hyperactivity, they clustered into unique cognitive profiles (Bathelt et al., 2018) . One group exhibited more problems with hyperactivity/inattention and EF across the board, a second showed reduced, but still clinically significant hyperactive/inattentive rates with primary deficits in inattention but not hyperactivity, while a third group showed more problems with EF despite having fewer hyperactive/inattentive symptoms. Importantly, while the first group consisted of mostly participants diagnosed with ADHD, all three groups contained children from each of the three diagnostic categories.
Overall, it is unclear which EF deficits persist among those with ASD and/or ADHD in light of, or in the absence of, hyperactive/inattentive symptoms. These results indicate that while ASD and ADHD share some etiological basis, there may be more than one sole "cause" of any given phenotype Reiersen & Todd, 2008) and such causes may also be shared and distinct, both between and within the disorders Rommelse et al., 2017; Vaidya et al., 2020) . We refer to this possible explanation as the heterogeneity problem (Feczko et al., 2019) .
New approaches might help us better handle the "heterogeneity problem"
The fact that distinct mechanisms for ASD and ADHD for the same inattentive/hyperactive symptoms might be unique or whether these symptoms can be tied to EF transdiagnostically is an important heterogeneity problem for the field (Lombardo et al., 2019) . Different mechanisms may contribute to the same symptom degree/severity, necessitating modeling approaches suited to address it. Newer machine learning techniques may offer an assistance by parsing out non-linear patterns in data that are missed with general linear model-based statistical tests and predictive modeling (Duda et al., 2016; Uluyagmur-Ozturk et al., 2017; Vaidya et al., 2020) . One group approached this by using a community detection approach (Fair et al., 2012) in combination with support vector machines to identify subtypes of EF across ASD, ADHD, and TD participants (Vaidya et al., 2020) . In doing so, they found three transdiagnostic subtypes with specific relevance to the engagement of different brain regions involved in EF. Here, we adopted a recently developed hybrid approach called the functional random forest (FRF) for tackling these issues. This allows us to combine supervised (machine learning) with unsupervised (graph theory) approaches in a new way that may better address the heterogeneity problem. A strength of the FRF is that it identifies profiles based on features optimized for a relevant outcome a priori, rather than post hoc. It does so by using a series of independent classifiers in a decision-tree approach to make predictions about an outcome (e.g., inattention) using input data (measures of EF) (Feczko et al., 2018) . After making these predictions, it then employs a community detection approach (Rosvall & Bergstrom, 2008) to identify subgroups based on shared and unique features as tied to the outcome of interest.
In previous work, our group employed this FRF approach to distinguish ASD and TD participants with 72.7% accuracy across groups using multiple measures of affect processing, as well as identify subgroups (Feczko et al., 2018) . However, the studies intentions were not to explore or define subgroups transdiagnostically. Therefore, we applied the FRF as a transdiagnostic approach to identify potential subgroups while tying EF to clinical phenotypes across disorders.
Once subgroups are identified, evaluating the clinical relevance of such subgroups necessitates additional validation metrics to determine if there are indeed measureable differences among related data Utilizing an independent dataset and testing the model is one common method for validating machine learning. Aside from testing generalizability or replication in an independent data set, within-sample crossvalidation can be used and in some cases combined with secondary validation tests. Here, we conducted internal cross-validation and also looked to neurobiological correlates using brain imaging as an index of validity as suggested in the literature (Filiou & Turck, 2011) . In line with behavior-based EF studies, our group has advocated a data driven approach to better account for the heterogeneity of symptom expression as tied to brain imaging (Dias et al., 2015; Karalunas et al., 2018; Ray et al., 2014) . Therefore, utilizing the within and between brainnetwork connectivity as derived from resting state functional magnetic resonance imaging (rs-fMRI) data serves to support the existence of subgroups discovered by the FRF by informing the unique mechanistic underpinnings.
In the current report, we use measures of EF in two separate FRF models to predict either (1) hyperactive or (2) inattentive symptom domains among adolescents with ASD and/or ADHD transdiagnostically. We first identify the presence of potential sub-populations across diagnoses that do not split by DSM categories for hyperactive or inattentive symptoms. We then further validate the identified subgroups using rs-fMRI to examine group differences among the sub-populations within and between several brain networks.
Methods and materials

Participant demographics
All procedures were approved by the Oregon Health & Science University (OHSU) Institutional Review Board (IRB#5239 and #4817) and informed consent and assent were obtained from adolescents and parents according to protocol. One hundred and thirty participants between the ages of 7-16 with a primary ASD diagnosis (N = 64, female = 13) or ADHD diagnosis (N = 66, female = 18) were included in the analysis (See Table 1 for demographic comparisons.) Of the ASD participants, 36 met DSM criteria for ASD+ADHD, 19 exhibited subthreshold levels of ASD+ADHD (ASD+subADHD), and 9 had ASD alone (ASD-ADHD). A TD group (N = 28) was also included for descriptive purposes. These participants were demographically matched to ASD and ADHD participants with useable scan data (see: 2.4 fMRI data, below, and Although we are examining continuous measures across diagnostic categories rather than explicitly comparing groups, there is always a possibility of a batch effect due to participant age differences. Because of this, we further examined the age difference and potential relationship to the EF variables (see: Supplemental Materials, 2. Supplemental Analyses).
Neuropsychological tasks and other EF data
Because impairments may vary across all of the EF domains, including tasks that cover a variety of potential impairments may provide Table 2 Demographics for ASD and ADHD participants with useable scan data.
Useable scan data for ASD and ADHD participants (n = 67) (ASD = 26) ADHD (n = 41) Significance test a TD (N = 28) Significance test b
Female gender, n = 15 (22.4%) 4 (15.4) 11 (26.8) p = .37 14 (39.3) p = .13 Age (7-16y), m = 12.2 (2.3) 13.6 (1.9) 11.2 (2.0) t(65) = 4.9, p < .001 11.4 (1.7) t(68.3) = 1.6, p = .074 Est. IQ (Block design) m = 10.8 (3.2) 10.5 (3.0) 11 (3.2) t(65) = −.68, p = .502 12.4 (2.8) t(93) = 4.9, p = .074 a : Significance tests comparing ASD and ADHD; b Significance tests comparing TD and all ASD and/or ADHD participants.
a more comprehensive understanding of subgroup neurocognitive profiles. Therefore we used multiple methods to assess EF including standardized cognitive batteries and a parent answered questionnaire. These measures included NEPSY Verbal Fluency (Korkman et al., 2007) , the Behavior Rating Inventory of Executive Function questionnaire (Gioia et al., 2001) , D-KEFS Color-Word Interference, Trails, and Tower Test (Delis et al., 2001) , WISC-IV Digit Span (Wechsler, 2003) , a Go/ No-Go Stop Task (Logan, 1994; Nigg, 1999) , and Spatial Span (Robbins et al., 1994) . The battery was designed to comprehensively assess the aforementioned different domains of EF including response inhibition, working memory, task control, and cognitive flexibility (Friedman & Miyake, 2017; Nigg, 2005; Pennington, 1997; Pennington & Ozonoff, 1996) . Detailed information about the task battery and variable selection, as well as the domains they cover, is included in the Supplemental Material under 1.4 Individual task descriptions and review.
Research reliable Kiddie-Schedule of Affective Disorders and Schizophrenia (K-SADS) (Kaufman et al., 1997) interviews were completed with the parents by trained clinicians. Either total hyperactive or inattentive symptom scores were included in our models as the outcome variable, described in further detail under 2.5 Analysis Overview. Table 3 shows the distribution of total symptom scores by comorbid diagnostic category.
Missing data
Very few data points were missing in our dataset. Of the 43 input variables used in the model for all participants, only .9% of the total data was missing. The participants averaged .7% missing data each, with the maximum amount of missing data for a single participant at 14% and only 10% of participants with any missing data at all. (See 2.5.1 Functional Random Forest and Subgroup Detection under Methods for how missing data were handled.)
fMRI data
Participants were scanned at OHSU's Advanced Imaging Research Center (AIRC) on a 3.0 T Siemens Tim Trio Magnetom scanner using a 12 channel head coil, and completed one T1 weighted structural image as well as 3 5-minute resting state scans (see Supplement Section 1.5.1 for detailed information on fMRI data acquisition). All of the data were processed using a modified version of the Human Connectome Project (HCP) image processing pipeline (Glasser et al., 2013; Mills et al., 2018) . (See Supplement for more information on HCP pipeline steps and additional processing under 1.5.2 fMRI data processing.) After processing, we used a manual curation process to further assess the data quality. (See Supplemental Material, 1.5.3 Quality control.)
To analyze the imaging data, 352 regions of interest (ROI's), including 19 subcortical, were generated based on previously informed parcellation schemes, as seen in Fig. 1 (Gordon et al., 2014) .
Analysis overview
Functional random forest and subgroup detection
An FRF algorithm (Feczko et al., 2018) is used in two separate models, with each model containing all 130 subjects, to estimate either (1) participant's total hyperactivity or (2) total inattentive ADHD symptom scores from the K-SADS ADHD module. Input (predictive) measures include the 43 variables from the EF tasks and the EF questionnaire. (Detailed descriptions in the Supplemental Material 1.4 Individual task descriptions and review.) Fig. 2 provides a schematic image for the FRF model. For simplicity, the schema uses a binary outcome; case or control. In our study, we applied the FRF to continuous outcomes (hyperactivity or inattention.) The FRF algorithm constructs a series of 1000 decision trees using the 43 input EF measures to predict an outcome (hyperactivity or inattention) (2a.) Each tree is then given a bootstrapped subset of randomly selected training data to optimize performance. From there, a random selection of participants and variables excluded from the training data are used to evaluate the overall accuracy of the model using 10-fold, 3 repetition, cross-validation by comparing the accuracy distributions from 30 permutation tests against 30 null models with a ttest (Kohavi, 1995) . Twenty trees were used to determine surrogate splits for each fold (Breiman, 2001) .
A proximity matrix is then generated from all of the decision trees (2b), wherein each cell indicates the number of times across all trees and forests that any given two participants end up in the same terminal branch. Community detection via the infomap algorithm (2c) (Rosvall & Bergstrom, 2008) is then used to identify subgroups from this proximity matrix, with nodes and edges determined in steps of a .05 threshold from .2 to 1. To determine the optimal groupings, an iterative procedure using matrix thresholds from .2 to 1 in steps of .05 was used to identify a consensus of subgroup assignments (2d) from all generated thresholds.
Imaging data and chi-squared test
To compare imaging data from identified subgroups as a validation metric, individual parcellation matrices (see 2.4 fMRI data) were generated per subject, then subgroup matrices were created by averaging each individual matrix across subgroups. From there, the parcellated matrices for each subgroup, two mass univariate analysis of variance (ANOVA) tests, and a novel chi-squared analysis (Eggebrecht et al., 2017) are used to identify significant differences in functional connectivity between all the subgroups ascertained from each model.
For every ROI to ROI pair, as represented in the parcellated matrices, the ANOVA tests are used to measure significant differences in correlations between (1) the identified Hyperactive Subgroups (HSG) and the TD group and (2) the identified Inattentive Subgroups (ISG) and TD group. For the chi-squared analyses, the results of the ANOVAs are then binarized at p < .05 significance. An expectancy ratio is subsequently calculated by comparing the number of expected significant and non-significant functional connections to the observed number. A chi-squared test statistic is then calculated from the observed and the expected ratio of significant connections. Permutation tests are used to construct an empirical distribution of null chi-squared tests to determine the statistical significance of the observed chi-squared test statistics. FDR correction is used to control for multiple comparisons.
Results
Hyperactive model EF prediction and subgroups across ASD and ADHD
The FRF predicted the hyperactivity scores among ASD and/or ADHD participants better than the null model (Mean absolute error (MAE) = 0.72, Null model MAE = 0.8826, (t(58) = −4.9, p < .001) ( Fig. 3a .) There was no significant difference observed in the model performance between subgroups (Hyperactive error: t(128) = −1.107, p = .271.) .
Community detection identified two unique subgroups in the Hyperactive model (Fig. 4a .) The subgroups were split with 79 participants in HSG-1 (HSG-Mild; ASD = 40, ADHD = 39) and 51 in HSG-2 (HSG-Severe; ASD = 24, ADHD = 27). There were no significant differences between the subgroups on diagnostic composition of ASD and ADHD participants per subgroup, gender, age, or estimated IQ (see Table 4 .) There were also no significant differences between subgroups on comorbid diagnostic composition (ASD-ADHD, ASD+subADHD, ASD+ADHD, or ADHD) (χ 2 (3, n = 130, p = .213) ( Table 5 .) HSG-Mild had significantly better EF performance and ratings than HSG-Severe across all of the cognitive domains on several of the tasks (Fig. 5a , Table 6 ). (Note that the plots are scaled as z-scores relative to the TD population such that 0 = TD mean and all points below 0 are weaker performance and all scores above 0 are better.) Thus the graph (Fig. 5a ) highlights lower scores on all measures for (ROIs), including 19 subcortical, were generated based on previously informed parcellation schemes (Gordon Parcellation (Gordon et. al., 2014) . Here, the identified networks are shown with the number of assigned ROIs and color coded by network. Fig. 2 . a: The FRF uses a series of input data to predict an outcome variable with a series of decision trees. 2b: The number of times any 2 participants end up in the same terminal branch is mapped in proximity matrix. 2c: The infomap algorithm (Rosvall & Bergstrom, 2008) is then used to determine subgroup assignments. 2d: Identified subgroups are shown.
both subgroups. HSG-Mild had better ratings than HSG-Severe on multiple BRIEF modules involved in response inhibition (inhibit, emotional control, monitor), cognitive flexibility (shift, behavioral regulation, metacognition), working memory (working memory), and task control (initiate, plan and organize, organization of materials). HSG-Mild also showed better working memory (spatial span; backward and forward total accuracy.)
Inattentive model EF prediction and subgroups across ASD and ADHD
The FRF also predicted the inattentive scores for our participants with greater accuracy than the null model (MAE = 0.7, Null model MAE = 0.85, t(58) = −4.4, p < .001.) (Fig. 3b .) There were no significant differences observed in model performance between subgroups (Inattentive error: t(128) = −0.494, p = .622).
Community detection identified two distinct subgroups for the inattentive model (Fig. 4b) . The subgroups were split with 84 participants in ISG-1 (ISG-Severe; ASD = 38, ADHD = 46) and 46 in ISG-2 (ISG-Mild; ASD = 26, ADHD = 20). There were no significant differences between the subgroups on diagnostic composition of ASD and ADHD participants per subgroup, gender, age, or estimated IQ (see Table 7 .) There were however, significant differences between subgroups on comorbid diagnostic composition (χ 2 (3, n = 130, p < .01), with ISG-Severe containing more subjects with ADHD and ASD+ADHD than ISG-Mild. See Table 8 for the diagnostic numbers per subgroup.
ISG-Mild had significantly better performance and ratings than ISG-Severe across all cognitive domains on several tasks ( Fig. 5b and Table 9 ).
ISG-Mild was rated better on multiple BRIEF modules involved in response inhibition (inhibit, emotional control, monitor), cognitive flexibility (shift, behavior regulation, metacognition), working memory (working memory), and task control (initiate, plan and organize, organization of materials). ISG-Mild also demonstrated better performance on tasks involved in response inhibition (stop task accuracy) and working memory (digit span backwards). Interestingly, ISG-Mild had a slower reaction time than ISG-Severe on the stop task which may reflect a speed-accuracy tradeoff (Heitz, 2014; Mulder et al., 2010) , for ISG-Mild also showed better accuracy than ISG-Severe within the same task.
Participants landed in different severity subgroups depending on the model
To ensure that the two models, hyperactive or inattentive, were revealing distinctive subgroups depending on the outcome of interest, we examined the subgroup assignments across the two models. Overall, 45.4% of the participants (n = 59) swapped their subgroup assignment (Mild vs. Severe) depending on the model. Of the comorbidities, 33 with ADHD (50%), 3 with ASD-ADHD (33%), 5 with ASD+subADHD (26%), and 17 ASD+ADHD (50%) moved from a Mild to Severe (or vice versa) subgroup across the models.
Brain connectivity differences between subgroups
In the Hyperactive model, 38 participants from HSG-Mild (ASD = 16, ADHD = 22) and 29 from HSG-Severe (ASD = 10, ADHD = 19) met the requirements for analyzable imaging data (see 2.4 fMRI data and Supplemental Materials 1.5.2 fMRI data processing and 1.5.3 Quality control) and were subsequently included in the analysis along with the matched TD group (n = 28). Additional analyses examining subgroup differences in the demographic and behavioral data only for participants with usable scan data can be seen in the Supplemental Materials.
Using the ANOVA and chi-squared test, several network connections were significantly different between the three groups (Fig. 6a .) Connectivity differences did not appear to follow severity patterns based on hyperactive symptoms and EF impairment. For example, although the TD group showed significantly greater connectivity between the cingulo-opercular parietal (CiP) and retrosplenial (ReT) (Figs. 1, 5a ) networks as compared to HSG-Mild, and HSG-Mild was significantly greater than HSG-Severe, nearly all other network connections showed no distinguishable trends -with the TD, Mild, and Severe groups swapping directionality depending on the between or within network connection.
In the Inattentive model, 47 participants from ISG-Severe (ASD = 17, ADHD = 30) and 20 from ISG-Mild (ASD = 9, ADHD = 11) were determined to have enough good imaging data and were analyzed along with the comparison TD group. Using the combined ANOVA and chi-squared test, many network connections were significantly different between the three groups. (Fig. 6b) . A similar "non-pattern" emerged across networks, with the first three network connections on 6b showing severity trends, and the remaining 11 connections having no distinguishable patterns as related to inattentive symptoms and EF impairment.
Discussion
Results summary
Using EF variables in the FRF models, we predicted either hyperactive or inattentive symptom severity for participants with ASD and/or ADHD better than random chance, identified two distinct subgroups per model, and validated the subgroups via rs-fMRI
We linked behavioral variables from the EF tasks and rating scale directly to clinical hyperactive/inattentive outcomes for ASD and ADHD participants using the FRF approach. EF measures predicted hyperactive and inattentive symptom counts better than random chance for both of the models. We were also able to show that task and ratings measures both contributed, something many prior reports did not do. Because task and ratings measures that purport to measure executive functions typically do not correlate very well, it is unclear if they measure the same construct. Thus, it is reassuring that here that they both contributed to the prediction models.
We also identified subgroups and further validated them by confirming neurocognitive phenotypes. All 43 EF variables helped identify the unique profiles among participants, with different combinations informing subgroups for each model. We identified two subgroups per hyperactive/inattentive model using community detection. The identified subgroups differed significantly on measures that are purportedly related to multiple EF processes.
These results support the growing supposition in the field that there may be multiple mechanistic subgroups across diagnostic categories in these neurodevelopmental disorders (Sonuga-Barke et al., 2010) . In other words, several different underlying causes may also lead to similar phenotypes that inform subgroups. In our study the subgroups did not split by primary diagnosis, indicating that features of EF may be shared transdiagnostically. Cordova, et al. NeuroImage: Clinical 26 (2020) 102245 To determine if subgroups had real, measurable differences in their biological underpinnings, we further validated them via neuroimaging and compared them to a TD population. Some of the imaging results appeared to follow a severity trend (i.e. ISG-Severe showing decreased connectivity between identified regions compared to ISG-Mild, which is decreased compared to TD.) However, the entirety of the results do not follow a discernable trend. For example, we might typically expect to see high performing groups showing "greater" connectivity between related functional networks (e.g. attentional and default) as compared to a lower performing group. It appears that the subgroups cannot simply be measured on a continuum of functional-connectivity and rather, may have unique underpinnings.
Measures of EF estimate hyperactive and inattentive symptoms in adolescents with ASD and/or ADHD
Multiple theories have been proposed regarding the relationship between EF and hyperactive/inattentive symptoms (Castellanos et al., 2006; Corbett et al., 2009; Martel et al., 2007; Sonuga-Barke et al., 2005; Thorell, 2007) . Our results support growing evidence that while EF are involved in perceived hyperactive/inattentive symptoms across ASD and ADHD, they are not the sole cause. This was evidenced by the contribution of the BRIEF to model performance (see Supplemental Material), showing that it may be measuring something slightly different than the other EF tasks which were also included in the models.
Importantly, until recently many of the prior studies have not been conducted transdiagnostically (Geurts et al., 2004; Joshi et al., 2017) . Indeed the current study builds on a handful of recent studies that have employed transdiagnostic approaches (Dajani et al., 2019; Karalunas et al., 2018; Lecei et al., 2019; Vaidya et al., 2020) . For example, our subtypes compliment the profiles found in a recent study (Vaidya et al., 2020) ; they found EF and symptom subtypes whereas we found EF subtypes tied to hyperactive/inattentive symptoms. Such studies suggest that impairments across ASD and ADHD are not entirely attributable to comorbid diagnoses Vaidya et al., 2020) . While not informing 'causality,' our results compliment these findings, demonstrating that EF may be tied to hyperactive/inattentive symptoms for those with ADHD and/or ASD.
Subgroups were identified based on unique combinations of EF features for both hyperactive and inattentive models
A growing body of evidence suggests multiple pathways lead to shared symptoms among a given disorder (Castellanos et al., 2006; Feczko et al., 2019 ). Yet challenges arise in understanding the association between domains (e.g. EF) and outcome (e.g. hyperactive/inattentive symptoms), while accounting for multiple pathways and nested subgroups. Knowing these challenges, the FRF was used in prior work with a different clinical question in mind. In that study the model identified 3 ASD and 4 TD subgroups (Feczko et al., 2018) based on measures of EF and facial/vocal affect recognition and processing. As such, the outcome of interest is a critical component in guiding the research question itself.
By including both ADHD and ASD participants in a transdiagnostic study, we can also characterize whether hyperactive or inattentive symptoms are related to the same underlying mechanisms across disorders. If the identified subgroups split by primary diagnostic category, it would indicate that the mechanisms leading to observed ADHD symptoms are potentially distinct. Inversely, if the subgroups share participants across ASD and ADHD, it would indicate that the mechanisms are likely to be shared. With EF features creating "pathways" to the hyperactive/inattentive outcome of interest, ASD and ADHD participants end up in the same or different subgroups.
We employ the FRF to tie EF to clinical outcomes and identify neurocognitive phenotypes
Thus, we applied the FRF using EF to examine their relationship to Age in years (7-16y) 11.6 (2.1) 11.5 (2.2) t(128) = 0.189, p = .85 Est. IQ (Block design) 11.6 (3.2) 10.6 (3.2) t(128) = 1.58, p = .117 Table 8 Comorbidities per Inattentive subgroup.
Diagnosis ISG-Mild ISG-Severe ASD-ADHD n = 6 n = 3 ASD+subADHD n = 14 n = 5 ASD+ADHD n = 6 n = 30 ADHD n = 20 n = 46 . Cordova, et al. NeuroImage: Clinical 26 (2020) 102245 hyperactive/ inattentive symptoms across ASD and ADHD, and to determine whether more than one 'pathway' exists for these outcomes.
In doing so, we found the existence of sub-groups that differed on severity of multiple EF features, representing putatively mild and severe subgroups per model. The hyperactive subgroups differed significantly on measures related to multiple cognitive domains-with HSG-Mild showing improved performance across multiple measures of EF as compared to HSG-Severe. HSG-Mild also showed fewer total hyperactivity symptoms than HSG-Severe.
The inattentive subgroups showed significant differences on multiple measures of EF, with ISG-Mild out-performing/showing better ratings than ISG-Severe across tasks. Most notable was ISG-Mild's slower reaction time on the stop task as compared to ISG-Severe. This may reflect a speed-accuracy tradeoff (Heitz, 2014; Mulder et al., 2010) in which ISG-Mild is compromising speed in order to improve performance accuracy on the task. This tradeoff may also be reflected in their superior stop task accuracy score compared to ISG-Severe. As several studies have confirmed the variability of performance of ADHD participants on inhibitory tasks Karalunas et al., 2012; Mulder et al., 2010) , our results may further validate the necessity for subgroup splitting.
When examined on a comorbidity level (ASD-ADHD, ASD +subADHD, ASD+ADHD, or ADHD) we found that the hyperactive subgroups did not split by comorbidity. Interestingly, the inattentive subgroups did show significant differences on comorbid diagnostic composition, with a greater number of ASD+ADHD and ADHD participants in ISG-Severe. This may indicate that mechanisms underlying hyperactive symptoms are more nested within typical development than inattention across the disorders.
Importantly, we also found that the subgroups in both analyses were not defined by primary diagnostic category (ASD or ADHD) (Tables 4  and 7) . This supports the transdiagnostic approach and is consistent with previous work indicating that the underlying mechanisms leading to observed symptoms are likely shared across ASD and ADHD, even though there may be more than one (Chan et al., 2008; Feczko et al., 2019; Leitner, 2014; Molitor et al., 2018) . The findings here are not that dissimilar with other modeling approaches such as latent class analysis that often derive low and high performing groups , Katuwal et al., 2016 . The difference between the FRF approach and other methods is that the FRF may discover any number of groups or none at all, as demonstrated in our prior work (Feczko et al., 2018) . In addition, the discovered groups may vary depending on outcome of interest. In other words the low and high performing groups, identified in the current work, are tied to the relevant symptom dimensions, and other outcomes (e.g, prognosis, response to therapy, etc), may reveal distinct grouping characteristics. Fig. 6 . a: Network connectivity that significantly differed between HSG-Severe, HSG-Mild, and TD groups are shown in the matrix representing the Gordonparcellation. Significant regions are highlighted with colored squares, which are plotted below the matrix. Significantly different marginal means and error bars for (from left to right) HSG-Severe, HSG-Mild, and TD groups, within and between networks are shown with colors corresponding to the boxes in the matrix above. 6b: Network connectivity that significantly differed between ISG-Severe, ISG-Mild, and TD groups are shown in the matrix representing the Gordon-parcellation. Significant regions are highlighted with colored squares, which are plotted below the matrix. Significantly different marginal means and error bars (from left to right) ISG-Severe, ISG-Mild, and TD groups, within and between networks are shown with colors corresponding to the boxes in the matrix above.
The mild or severe subgroups were comprised of different participants per model and did not simply duplicate participant composition
Another important observation in the data presented here is that when we compare HSG-Severe to ISG-Severe and HSG-Mild to ISG-Mild, we find that the two Severe and two Mild subgroups were comprised of different combinations of participants: although all 130 participants were included in each model, the subject composition of HSG-Severe did not simply duplicate the subject composition of ISG-Severe. These findings highlight that the identified subgroups as tied to hyperactive or inattentive symptoms are different depending on the outcome of interest. This result is consistent with previous literature suggesting there may be different "drivers" for these two symptom dimensions (Kofler et al., 2010; Martel et al., 2009; Shiels & Hawk, 2010) .
Subgroups showed functional connectivity differences among their brain imaging data
It's important for any machine learning model, in particular those using cross-validation, to further validate identified subgroups (Feczko et al., 2019) . Ideally, this validation can be accomplished using independent participants in a unique sample. In the absence of such a cohort, independent data within the same participants can be used. Because multiple brain regions have been implicated in the various EF processes (Alexander & Nitz, 2015; Braga & Buckner, 2017; Braunlich et al., 2015; Corbetta & Shulman, 2002; Dosenbach et al., 2007; Dosenbach et al., 2006; Fox et al., 2005; Leech et al., 2011; Lin et al., 2015; Power et al., 2011; Seeley et al., 2007; Vann et al., 2009; Zhang et al., 2017) , we used neuroimaging data as derived from rs-fMRI to further validate the findings.
The subgroups showed differences within and between many functional networks implicated in EF
We found that identified subgroups and the TD group significantly differed from one another both within and between functional networks related to EF. In the hyperactive model, notable differences were found between the HSG-Mild, HSG-Severe, and TD group within and between brain regions associated with attention (salience (Sal), DoA) (Corbetta & Shulman, 2002; Power et al., 2011; Seeley et al., 2007) , response inhibition (ventral attention (VeA)) (Zhang et al., 2017) and motor activity (somatosensory motor, ventral "mouth" (SMm, somatosensory motor, dorsal "hand" (SMh)) ( Fig. 6a) (Power et al., 2011) . These findings highlight the potential implications for the SMm+SMh, attentional, and response inhibition networks and their relationship to EF domains such as behavioral regulation and initiation, which were shown to be different between groups (Table 6 , Fig. 5 ).
For the inattentive model, the ISG-Mild, ISG-Severe, and TD groups showed significant differences within and between networks associated with task-positive (cingulo-opercular (CiO), DoA) and attentional networks (Sal, DoA.) (Fig. 5b) . This is consistent with the findings showing significant performance differences on measures related to task control initiation and organization (Table 9 , Fig. 5b ). There were also several differences seen between the task-negative (Def) (Braga & Buckner, 2017; Fox et al., 2005; Leech et al., 2011) and multiple sensory networks including motor (SMm, SMh), visual (Vis), and auditory (Aud). This difference in task negative and sensory networks may suggest varying strategies participants engage to manage their attention to internal and external stimuli.
Unlike behavior, subgroups did not follow a "severity trend" across functional brain networks
In this study the imaging data is purposed with serving as a validation metric. In doing so, it is not critical that the same 'severity trend' is seen among imaging data as in the behavioral phenotypes. What is important is that the biological differences exist. Our findings showed just that: there were significant differences among subgroups both within and between multiple functional brain networks, but no discernably consistent trend. This is helpful in suggesting true configural types as opposed to merely recapturing severity. At the same time it may seem counterintuitive. It might be expected, for example, that for any given network the TD group would show the most connectivity between regions, followed by high-performers, followed by low-performers, or vice-versa. However, the majority of within and between network connections did not follow this pattern. Rather, multiple patterns of connectivity were present in the data (Fig. 6a, b) . These results demonstrate that despite identification of lower (HSG-Severe, ISG-Severe) and higher (HSG-Mild, ISG-Mild) performing groups, such behavioral manifestations are not entirely attributable to a global theme of over-or under-connected functional networks per group, suggesting a more intricate mechanistic interaction.
We propose that specific complex patterns of brain interactions do not map one to one with a more or less optimal state (Holmes & Patrick, 2018) . To further explain, we will provide a simple example. Imagine a study whereby the goal was to identify the factors attributable to the length of time participants were able to stay upright on a balance beam. To identify characteristics, we then split participants into 'good' and 'bad' balancers. On the one hand we might find that those participants who practice balancing are better balancers than those who do not -i.e., more practice equates to a better balancer. In this case the 'cause' of good or bad follows the same pattern, along the dimension of more or less practice. On the other hand we might also find that the bad balancers may have just simply had their eyes closed, whereby it was the lack of visual perception that made them worse at the task. In this latter case, the 'cause' does not follow the same pattern, i.e. there is no dimensional relationship with the outcome. Our findings are more akin to the latter scenario wherein brain networks do not follow along one dimension from high to low connectivity (or vice versa) leading to high and low performers; rather, a fundamentally different organization is seen between the high and low performing subgroups.
Limitations and future directions
In the present report, while we aimed to match participants on various demographic phenomenon, the ASD group was significantly older than the ADHD group. However, no significant age differences were observed between identified subgroups per model (Tables 4 and  5 .) Post-hoc analyses (see: Supplemental Materials; Supplemental Analysis) revealed that there was a low-likelihood of the age discrepancy influencing the models. Still, the effects of age on the models cannot be entirely ruled out.
We did our best to validate the results with secondary neuroimaging data. While our subgroup sample sizes are large enough to consider the results, further validating the analyses with a much larger dataset, such as the Adolescent Brain Cognitive Development (ABCD) study (The Adolescent Brain Cognitive Development Study, 2018), could provide both confirmatory and additional information.
The FRF approach itself presents some limitations. Subgroups were identified through a consensus community detection approach. While we are confident that the subgroups identified are indeed tied to the ADHD symptoms, adjusting parameters or including different EF data may result in new subgroups with additional meaning. Future studies should not only attempt to replicate subgroup findings, but also seek to identify best practices and standards for use of the FRF as a tool. The FRF also requires a larger sample size in order to uncover potentially smaller subgroups. While we identified two subgroups per model, it is possible that the subgroups can be further differentiated with the inclusion of more participants and data. The inclusion of larger datasets, with careful scrutiny and inclusion criteria, may improve the model results.
One strength of the FRF is the ability to parse patterns in data that are difficult to detect with other methods. Yet it does not model variable interactions in ways that detect clusters, such as with latent variable analysis. A small body of work dedicated to EF has revealed some information about EF relationships across tasks and within cognitive domains (Friedman & Miyake, 2017) .
While the transdiagnostic approach has been recommended in the literature with the benefit of considering symptoms over syndrome, it is certainly not without its own potential limitations. It may be that the transdiagnostic inclusion of those with ASD and ADHD introduces greater neural heterogeneity in the data, as those with ASD have shown differences in neuroimaging studies when compared to TD and ADHD groups Ray et al., 2014; Rommelse et al., 2017) . Still, if the behavioral differences were influenced by the presence of ASD, we would expect to see subgroup splitting based on this criteria, which we did not.
By applying the FRF in an inverse manner, with neuroimaging data as the input features, we could better tie the biological metrics to behavioral data. Thus, it's possible that the varying brain-behavior relationships found among our subgroups and TD group are attributable to the issue of sample size reduction: approximately half of the ASD and ADHD participants with complete neuropsychological battery did not meet the requirements for useable scan data (67 useable scans out of 130 participants). As those with increased symptomology are also more likely to provide unusable scan data (See Supplemental Material: Discussion) they represent a significant population of interest in regards to the behavioral manifestation of hyperactive/inattentive symptoms and EF. To eliminate those without scan data from our analyses entirely, we would also lose valuable information about the behavioral phenotypes. Therefore we found it important to use all of the participants in the FRF models.
Although our stringent criteria improves the likelihood of reproducibility, the exclusion of half of the participants whose "bad scans" may also introduce unknown cohort effects (a common problem in the literature). Novel methods to overcome movement in the scanner as well as improvements in processing pipelines may help future studies overcome this issue, as well as tackling the issue of including more participants with symptoms that reduce scan quality.
Alternatively, examining the relationship between brain engagement and task may reveal new information about the subtypes as shown previously (Vaidya et al., 2020) . Unlike rs-fMRI, task fMRI is more resilient to motion (Siegel et al., 2014) and doesn't require motion censoring which would make it easier to acquire more data and a larger sample size. Unfortunately, task fMRI is limited to understanding the subtypes with regard to just the tasks that were run whereas with rs-fMRI we are able to look at the whole brain.
Conclusions
In this study we demonstrate that the FRF can use measures of EF to predict hyperactive/inattentive symptoms for those with ADHD and/or ASD. Different combinations of EF led to similar neuropsychological profiles among individuals and the FRF identified transdiagnostic subgroups representing mild and severe subgroups per model. The subgroups and TD group differed both within and between functional networks related to EF with no discernable severity trend but rather, more complex mechanistic interactions across networks. 
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